Introduction
The collapse of Lehman Brothers in mid-September 2008 was the earthquake displaying that the modern financial system was severely fragile. Global financial market participants were directly impacted by its default and numerous repercussions were felt throughout the world, resulting from a plethora of cross-border and cross-entity interdependencies (De Haas et al. 2012; Acharya et al. 2014) . The shock was rapidly spread in Europe, where by the end of September, euro area governments rescued the BelgianFrench bank Dexia, demonstrating vividly that these interdependencies generate amplified responses to shocks and increase the speed of contagion in the financial system (Panageas 2010; Acharya et al. 2011; Aiyar 2012 , Acharya et al. 2015 . Thus, in the aftershock era, the effects of both interconnectedness and contagion manifested themselves and systemic risk emerged as one of the most challenging aspects ( Elliott et al. 2014; Acemoglu et al. 2015) . The banking industry grappled with one overarching challenge; to measure and reduce systemic risk (for a definition and discussion on systemic risk and contagion see also Acharya et al. 2012; Liang 2013; and Allen and Carletti 2013) in order to improve the resilience of the financial system to adverse shocks and to prevent a repetition of the recent crisis.
While the euro area banking system was fundamentally solvent, according to several stress tests (Basel Committee on Banking Supervision 2011; European Banking Authority 2012), the contagion from the Lehman bankruptcy put at risk the stability of the European financial system, indicating that systemic risk has been enormously underestimated (Bartram et al. 2007; Engle et al. 2014) . Synchronically, as contagion fears spread, the euro area sovereign debt crisis became apparent, and threatened the integrity of the Eurozone (Lane 2012; Claeys and Vašíček 2014) . Emphatically, a sovereign default could lead to a disastrous financial instability and to an unprecedented failure of the European banking system (see also Caballero and Simsek 2013; Gennaioli et al. 2014) .
The intensity and the speed with which shocks propagate in the entire financial system, highlights the need to identify, measure and understand the nature and the source of systemic risk in order to improve the underlying risks that banks face, to avert banks' liquidation ex ante and to promote macro-prudential policy tools (for an extensive review on macro-prudential policies see also Hanson et al. 2011 ). Thus, this study focuses on the euro area banking industry to examine the way systemic risk arises endogenously, the resilience of the Euro area banking system to systemic risk, and how shocks in economic and financial channels propagate in the banking sector. We also endeavour to answer the following questions: In the presence of a distress situation how the financial system performs? Have the new capital rules rendered the European banking industry safer? What is the primary source of systemic risk? How financial contagion propagates within the Eurozone? These fundamental themes remain unanswered, and hence obtaining the answers is critical and at the heart of most of the recent research on systemic risk.
Motivated by the absence of empirical evidence, we address these issues drawing on recent developments in the studies of systemic risk, contagion channels and advances in network theory, by constructing a unique interconnected, dynamic and continuous-time model of financial networks with complete market structure 1 (i.e. interbank loan market) and two additional independent channels of systemic risk (i.e. sovereign credit risk and asset price risk 2 ). More precisely, we build on and extend the financial network models developed by Gai et al. (2011) , Mistrulli (2011) and Castren and Rancan (2014) to employ counterfactual 1 As discussed in the theoretical work of Allen and Gale (2000) , and Freixas et al. (2000) the interbank market follows a multilateral pattern of banks' financial linkages -claims, the so called "complete market structure". 2 In this study, asset price risk refers to the risk of depreciating a common asset which is financed by a loan (i.e. asset-backed loan).
simulations with entropy maximisation and to propagate shocks across the financial network 3 , emerged from three systemic risk channels. Thus, our methodological approach provides two novelties. First, the financial network in this study consists of a unique set of various sectors which are neglected hitherto by the international literature. Specifically, we analyse the complexity of the system in terms of not only the bilateral linkages but also losses and cascades of defaults triggered by sovereign credit risk, and asset price risk. Second, in contrast with the existing literature, we are able to disentangle the effects of the shock in losses generated by the initial shock and losses spread by contagion. More concretely, we are able to capture multiple snapshots of the network structure and to measure accurately the direct and indirect effects. Consequently, the model allows us to provide novel evidence on the type of systemic risk which dominates the financial system and to measure and evaluate:
i) the effects of shocks on one or more financial institutions (e.g. total losses, solvency and bankruptcy events); ii) the transmission mechanism which transfers and provokes the negative effects to the rest of the system; and iii) the variations in financial robustness, which display the boundaries of the European banking system.
Interestingly, at first glance we find that a shock in the interbank loan market causes the higher amount of losses in the banking network. This notwithstanding, remarkably we find that losses generated by the sovereign credit risk channel transmit faster through the contagion channel, triggering a cascade of bank failures. This shock can cause banks to stop using the interbank market to trade with each other and can also lead banks to liquidate their asset holdings in order to meet their short-term funding demands. Hence, the study provides empirical evidence that the Sovereign Credit Risk channel dominates systemic risks amplified in the euro area banking systems and hence, it is the primary source of systemic 3 Our financial network uses the claims and liabilities of banks' balance sheets and excludes any leverage, in order to secure that any variation in the system is based on multiple equilibria. Shocks propagated in our model would penalize banks for being exposed to leverage and increase substantially their vulnerability in systemic risk and contagion. This approach also fulfils the criteria of Allen and Gale (2000), Shin (2008) , Mistrulli (2011) and Castren and Rancan (2014) .
risk. Moreover, we evaluate the impact of reduced collateral values and provide novel evidence that asset price contagion can also trigger severe direct losses and defaults in the banking system.
In addition to the above, we provide novel evidence that systemic risk in the euro area banking system didn't meaningfully decrease as it is evident that shocks in the three independent channels -interbank market, sovereign credit risk, asset price risk-trigger domino effects in the banking system. Likewise, we document a dramatic variation between northern and southern euro area countries in terms of their response to systemic risk. More concretely, there is much less systemic risk and the speed of contagion is much lower in banks based in the northern euro area than in banks based in the southern euro area.
Furthermore, we find that the cross-border transmission of systemic shocks depends on the size and the degree of exposure of the banking sector in a foreign financial system.
Particularly, the more exposed domestic banks are to the foreign banking systems, the greater are the systemic risks and the spillover effects from foreign financial shocks to the domestic banking sector. Finally, the results imply that the European banking industry amid the postcrisis deleverage, recapitalisation and the new regulatory rules, continues to be markedly vulnerable and conducive to systemic risks and financial contagion.
The study contributes and extends three strands of the literature. First, there is a recently growing literature on the construction of financial networks with mathematical models. Kroszner (2007) , and Allen and Carletti (2013) , document that the size of the financial network plays an important role on the propagation of systemic risk. We update their work and offer novel evidence that there are marked differences in the dynamic responses to systemic-risk related events across national banking systems, indicating that the network structure is time-variant. Allen et al. (2011) observe that full risk diversification is not optimal in the banking industry, while Battiston et al. (2012) find that the financial system can be more resilient for intermediate levels of risk diversification. In a similar vein, we document that even domestic banks with small financial exposures in a foreign banking sector may be severely affected by a systemic shock provoked by same.
Second, our study offers new insights on the critical role of endogenous complexity, betweenness, closeness and the importance of interconnectedness in the banking network.
Leitner (2005), Gai et al. (2011 ), Billio et al. (2012 ), Castren and Rancan (2014 ), and Elliott et al. (2014 develop network models on monotonicity and identify the importance of complexity and concentration in the financial system. We extend their work demonstrating that the same shock would cause different losses in the banking network if emerged at different points in time. Importantly, we find that the propagated and the final losses differ substantially across the national banking systems reflecting the differences on the size, and the degree of interconnectedness across national banking systems. More concretely, the final losses appear to be lower in the post-crisis era, which may be due to cyclicality (i.e.
deleverage, recapitalisation, new regulatory framework), but the risk of contagion remains substantially immense. Furthermore, we shed light on the debate for the suitability of the maximum entropy method on financial networks (Mistrulli 2011) . Precisely, we employ several robustness checks by using the actual bilateral exposures in the four largest financial systems (Germany, France, Italy, and Spain) and compare the results with those obtained via the Maximum Entropy approach. On the empirical level, the findings indicate that Entropy
Maximization neither over-nor under-estimates the bilateral exposures, while also this method is an appealing approach to calibrate losses generated by systemic shocks, and to measure the severity of financial contagion.
Third, our study relates to the vast literature on macro-prudential policies, the nature of systemic risk, and the spread of contagion in the banking industry developed by Allen and Gale (2004) , Allen et al. (2009 ), Co-Pierre (2013 , Drehmann and Tarashev (2013) , Ang and Longstaff (2013) , among others. For instance, Allen and Gale (2004), and Allen et al. (2009) examine how shocks propagate through a financial network, based on interbank lending and model excessive price volatility. Co-Pierre (2013) compares systemic risk caused by contagion with the risk triggered by common shocks whilst Drehmann and Tarashev (2013) measure the systemic importance of interconnected banks. Ang and Longstaff (2013) study the nature of systemic sovereign credit risk and observe that it is strongly related to financial market variables.
To our knowledge this is the first study to explicitly compare different sources of systemic risk in the euro area banking industry. We provide novel evidence for the effects a negative shock generates by three independent systemic risk channels and document that contagious banks are not necessarily the large ones. The results enlighten the nature of systemic risk and provide a new perspective on financial contagion and domino effects in the banking sector. We also show that the sovereign credit risk channel is the dominant systemic risk and causes a plethora of defaults in the banking system. Importantly, we observe that a repetition of the recent financial crisis is apparent in the euro area banking system, implying that existing developments on macro-prudential policies fail to mitigate meaningfully the degree of systemic risk in the banking industry. In a similar vein, our results shed new light on the asset and liability management of banks. Specifically, the three systemic risk channels facilitate and improve the understanding of how systemic risk arises, thus providing with the optimal structure of both assets and liabilities, rendering the banking industry more resilient to systemic risk. Finally, these results have important implications for understanding systemic risk and for analysing policies designed to mitigate financial contagion in the euro area.
The rest of the paper is organized as follows. Section 2 provides the literature review.
Section 3 describes the dataset, the methodology and the structure of the financial network.
Section 4 analyses the results from the simulation of the shock propagation. Section 5 presents robustness checks and section 6 provides the concluding remark.
Literature Review

Theoretical Framework
The global financial crisis of 2008 rendered systemic risk an area of escalated interest for researchers, whilst synchronically financial networks emerged as an appealing approach to study the way systemic risk propagates (see for example Elliott et al. 2014; Acemoglu et al. 2015) . Hence, over the last years, studies on credit panics and bank runs departed from the traditional risk diversification framework (James 1991) Moore (1997 and 2002) , and Kaminski and Reinhart (1999) are among the first to search for systemic risk in banks, prompted by changes in macroeconomic developments. Allen and Gale (2000) employ a theoretical approach with banks' bilateral exposures in a financial network framework, to examine how the banking system responds to contagion. They build on Diamond and Dybvig (1983) where consumers have random liquidity preferences, and they find that incomplete networks are more susceptible to contagion. Interestingly, Dasgupta (2005) examines how linkages among banks can be a source of contagious breakdowns, and finds the way depositors react when they receive a negative signal about banks' fundamentals.
On the search for optimal financial network the size of each national banking sector play a dominant role. Freixas et al. (2000) use interbank credit lines to explore liquidity shocks emerged from uncertainty about where consumers will withdraw funds. They find that the stability of the banking system depends emphatically on whether depositors choose to consume at the location of a bank that functions as a money center or not. An additional critical factor for the resilience of the banking network is the degree of interconnectedness. Allen and Gale (2004) , Leitner (2005) , Allen and Carletti (2006) and Gai and Kappadia (2010) find that banking systems respond differently in systemic risk due to changes on the degree of interconnectedness, idiosyncratic and aggregate liquidity shocks in the interbank market. In their theoretical approach, these studies account for the nature and scale bank-specific shocks, while also allowing asset prices to interact with balance sheets.
Therefore, they propose central bank interventions to fix the short term interest rate and to provide extra liquidity in the market. Mistrulli (2011) , and Trapp and Wewel (2013) , observe not only that the network structures respond differently to the propagation of a shock, but the fragility of the system depends on the location in the network of the institution that was initially affected. Additionally, the first author simulates specific liquidity shocks in the Italian interbank market and observes that a bank default may spread to other banks through interbank linkages.
Several studies build on the network structure proposed by Upper and Worms (2004) , It is evident from the existing literature that sovereign credit risk and asset price risk are not examined as two important sources of systemic risk. On the contrary, freezes in the interbank market dominate the way researchers explore financial contagion in the banking sector. Departing from the financial network approach, Duffie and Singleton (1999) , and Ang and Longstaff (2013) use the sovereign credit risk channel to propagate sovereign -specific credit shocks and observe that it causes a cascade of defaults in U.S. and Eurozone sovereigns. Additionally, Longstaff (2010) , and Garratt et al. (2014) , study the relationship between reduced collateral values and asset price contagion. They identify that defaults in the subprime market spread quickly through the global financial system and provide evidence for the critical role of asset backed securities on the transmission of the financial crisis.
Methodology
Data
We collect our dataset on a quarterly basis from the first quarter of 2005 till the fourth quarter of 2013 for sixteen Eurozone countries 5 . We obtain it from three sources: the Bank for International Settlements for the cross border quarterly exposures in the interbank market, the total banking exposures to each foreign country and the actual exposures in Sovereign
Debt and asset-backed loans. For instance, we have information for the exposure of Austrian banks not just in French Sovereign debt, and asset-backed loans to companies based in
France, but also for loans in French banks via the interbank market. Also, we collect data from the European Central Banks' sectoral balance sheets (flow of funds) for the local bilateral banking exposures. Finally, we obtain data from Bankscope on Tier 1 capital and
Total Assets for 170 Eurozone based banks (see also Appendix A for more details).
The Network Structure
The study explores the consequences from a propagation of shocks in the banking network in two steps. First, we construct the financial network based on the banks' actual exposures in the interbank loan market, the sovereign debt (i.e. sovereign credit risk) and asset backed loans (i.e. asset price risk). We then propagate endogenous shocks commenced by the three channels described previously and measure the effects (i.e. losses) in the banking system. The losses are distributed into two components: the losses incurred by the initial shock and the losses resulting from the contagion process in order to measure the speed of the contagion.
The structure of the network is constructed by bank balance sheet interconnections (nodes in the interbank network), actual bilateral exposures and banks' exposures to sovereign debt and asset backed loans. For any missing information in the interbank bilateral exposures, we employ the entropy maximisation method with the complementary use of the RAS algorithm which provides the advantage of minimizing any lost information in the priors. In particular, the financial network is generated based on the following three steps:
First, we consider a Eurozone based economy with n financial intermediaries (i.e. banks).
These are initially linked with each other based on the actual and simulated exposures in the local interbank market, and thus create a two-way interrelationship which is important for the spread of shocks within the network and for the analysis of the contagion path. Particularly, a bank is allowed to lend money to another bank and simultaneously the same bank may borrow money from a third bank. Using this structure for our network, we achieve to measure the potential benefits of diversification and to distinguish between losses incurred by risk sharing and losses incurred by risk spreading through the financial network. Consequently, we have the first systemic risk channel -"local interbank loan market"-represented in Figure   1 , also called a "node" in the network structure (see also Newman 2002; and Gai et al. 2011 for informative reading on network structures).
-Please Insert Figure 1 about hereThen, we create two additional systemic risk sources (or nodes) the "sovereign credit risk", and the "asset price risk" channels. The first contains banks' actual exposures in Sovereign Debt, and the second deals with banks' actual exposures in asset-backed loans.
Our sample contains 16 countries, and thus corresponds to 48 nodes. Finally, we use the cross-border exposures to link and interconnect every local banking system (see also Figure   2 ).
-Please Insert Figure 2 about hereAs a result, we model the direct and the indirect effects from a systemic shock. For instance, assume that there is a bank based in country θ with interlinkages with a bank based in country ψ. During severe financial conditions, the bank in one country will be affected by the shock to a bank in another country. Moreover, the effects of the shock can also be spread via banks in a third banking system. Thus, the interdependence in the banking system over the network indicates that when a bank is under distress situation, may provoke a plethora of collapses throughout the financial network (see also Appendix B for the contagion path).
Thus, similar to Shin (2008) and Castren and Rancan (2014) we construct an accounting framework of the financial system as a network of interlinked balance sheets where one sector's assets are another's liabilities.
Estimation
Since, we have different types of nodes, our financial network is defined as heterogenous. In order to estimate bank-to-bank exposures in the financial network, we employ the maximum entropy approach, which assumes that banks spread their lending as evenly as possible. Following Castren and Rancan (2014), two nodes and are connected through edges, labelled with , where:
, when there is a relationship; and , when there is no relationship.
Similarly, the link which connects two nodes is defined as x ij . The links are directed, so that is not symmetric (i.e. x ij ≠ x ji ). The strength of the link depends on the size and the degree of interconnection. In Appendix C we analyse the positions (i.e. degree, weight, centrality, betweenness, closeness) of the individual nodes in relation to the overall network, and provide the analytical structure of the financial network.
The banking's sectors financial exposures to each other can be represented by an matrix where each element is a bilateral exposure from sector to sector . This implies that an element is an asset of sector viz-a-viz sector and naturally is also a liability of sector towards sector .
Thus a sector's total assets are given by the sum of its row, the marginal above given by formula (2) below:
By the same rationale a sector's total liabilities are given by the marginal as in formula (3) below:
We do not have information for the element but we do have the column and row marginal from the euro area accounts collected from the European Central Bank. From these we want to extract a set of consistent with the row and column totals and also a set that is the most possible, given the values of the vectors and . However, without any further assumptions about we cannot estimate the result analytically for N>2 since N 2 -2N unknowns have to be estimated. If we make a further assumption that the data are consolidated, that is a sector does not borrow or lend to itself, the main diagonal ( for ) becomes zero and we can interpret the 's and 's as realisations of the marginal distributions and f( ), and the x's as their joint distribution, . If and f( ) are independent, then . According to the information theory (Jaynes, 1957) , this gives us the matrix . Now we have unknowns and the problem cannot be estimated analytically for .
Standardising we can interpret the vectors and as the marginal distributions and while the 's are their joint distribution . Then if and are independent it follows that (see also Upper and Worms 2004 for further reading). In information theory terms, this amounts to maximising the entropy of the matrix . This independence assumption is consistent with each sector's assets and liabilities being spread equally over the other sectors based on their total assets and liabilities.
Of course independence is not always a good predictor of reality. There could be economic or political reasons why some sectors in some countries might be more exposed to some others. However by constructing the network of exposures with the independence assumption we are biasing it against contagion which would be more likely to manifest if some sectors were over-exposed to another infected sector. Thus if we observe significant contagion effects in our model we are more likely to view them in reality. Because the objective function is strictly concave, we will get unique solution by solving (5) iteratively via using the RAS algorithm.
The RAS is an Iterative Proportional Fitting algorithm which adjusts an initial matrix X with row sums and column sums to a new matrix that satisfies a new set of given row sums and such that , where and are diagonal matrices with positive entries on the main diagonal. We employ it in order to achieve consistency derived from any missing or incomplete information between the entries in our matrix and the pre-specified row and column totals. Specifically, we have no information for actual bilateral exposures in the interbank loan market for some countries, and hence the actual linages are created through the RAS algorithm to guide us to a desired direction by excluding non-existent links. 
Empirical Findings
We simulate quarter-by-quarter three negative shocks emerged from: i) the Sovereign Credit Risk channel (or SCR), ii) the Interbank loan channel (or IB), and iii) the Asset Loan channel (or AL). We follow the mark-to-market accounting practices and assume that each bank has to deduct losses triggered by the shocks or to use the capital buffers when possible.
Consequently, any losses imposed by the shocks imply a deduction in the banking sector's assets, which apparently renders a corresponding loss in its equity capital inevitable. We set a 10% shock derived from each channel and in the first step we measure the local (national) magnitude of the shocks. In our analysis, we are interested in examining losses and the contagion path occurred by the shock propagation, and thus we do not model any government or central bank interventions which require exogenous responses and might follow different rules. For instance, governments may decide to bail-out troubled banks, to force mergers between distress and healthy banks or to provide liquidity and funding through an asset purchase program with the intervention of central banks.
We then proceed on to measure the spread of the shock originated from the banks' domestic exposures, the banking systems most affected by the various shocks and hence the expected losses caused by the spread of the shocks across the euro area banking network.
Hence, similar to Furfine (2003) , Gai and Kapadia (2010) and Gai et al. (2011) our measure of systemic risk is the expected loss that the contagion channel imposes on a banking system.
Finally, by assuming that banks cannot raise capital to compensate for the losses suffered from the shocks, we examine the resilience of the euro area banking sector, the way financial contagion propagates in the cross-border financial network, the speed of contagion and the ability of a local banking system to transmit cross-border systemic risks.
Shocks in the national banking systems
The sovereign credit risk channel simulates a scenario wherein the value of government bonds decreases by 10%. This shock is then propagated through the local banking network. Consequently, we exhibit to measure the interplay of financial interdependence among national banks and the financial acceleration in the development of systemic risk. Table 1 The interbank lending channel simulates a scenario wherein 10% of the total value of interbank loans will not be paid back. This shock is then propagated through the national banking networks. At first glance, Table 2 shows that expected losses triggered by the shock on interbank loans for the local banks exceed the expected losses driven by the SCR channel, implying that the interbank lending channel (IB) is systematically more important for the banking industry. Notably, the total expected losses decrease in the post-crisis period, as a result of the ensuing process of bank deleveraging. Furthermore, the final losses vary substantially across national banking systems reflecting the differences on the size of each interbank market. Figure 5 summarises the expected losses registered for the French (€ 63.57
bn. in the post-crisis era) and the German (€35.04 bn. in the post-crisis era) banking systems.
Notably, a central bank intervention will cost €30.5bn. for the French and €12bn. for the German banking networks respectively, for the post-crisis period. Similar to the results obtained from the shock in the sovereign debt market, the Italian (€23.24 bn.) and the Spanish (€22.56 bn.) banking sectors are affected the most compared with the rest of the countries incorporated in our sample (see also Figure 6 ).
-Please Insert Table 2 about Table 3 presents the expected losses after the propagation of a shock in the Asset Loan channel (AL), independently for each national banking system. More concretely, the asset loan channel simulates a scenario wherein the value of the collateral of the asset-backed loans declines by 10%. The expected losses propagated through the AL channel exceed the losses propagated by the SCR channel, but are lower than the losses propagated by the IB channel. For instance, the total amount of losses for France is €40.22
bn. in the post-crisis era and for Germany is €27.24 bn. (sees also Figure 7) . Consequently, the results demonstrate that total expected losses decline in the post crisis era, confirming that banks reduced their exposure to asset-backed loans. Interestingly, a central bank intervention will cost €27bn. for the French and €3bn. for the German banking networks respectively. Figure 8 depicts that the same relationship holds for the effects of a shock in the Asset Loan channel for the Italian and the Spanish banking systems. Additionally, we find that each national banking system responds differently to systemic-risk related events (see also Figure   9 ). Particularly, the smaller is the banking sector, the lesser are the expected losses. From the three systemic risk channels, the interbank loan market constitutes the most important source of losses to the euro area banks. Moreover, we find that the same shock would cause different losses in the national banking sectors if emerged at different points in time. Interestingly, the results imply that euro area banks have strengthened their capital positions in the post-crisis era amid ongoing deleveraging.
-Please Insert Table 3 about 
Propagation of Shocks in the cross-border financial network
Next, we quantify the effects of shocks in the cross-border financial network, in order to examine the extent to which local banking systems transmit the losses to the European banking sector. Particularly, we examine how a national shock propagates and spreads within the euro are banking network. Table 4 depicts total losses in the banking systems from a 10% shock in the three systemic risk channels of Germany (Panel A) and France (Panel B), the two largest economies in the euro area. Interestingly, the results imply that the interbank market causes the higher expected losses when compared with the Sovereign Credit Risk and the Asset Loan channels. Additionally, the final losses vary substantially across the banking systems. Specifically, French banks suffer the wider losses due the size of its banking sector and due to large interconnectedness with the German financial system. Moreover, the results demonstrate that a 10% shock in the German systemic risk channels generates higher losses for the euro area banking sectors compared with a similar shock in the French channels.
Thus, the German banking system is identified as systematically more important than the French banking system. The differences in the final losses are explained by the large differences on the size of the national banking sectors and on the degree of interconnectedness.
-Please Insert Table 4 Panel A and B about hereAccordingly, the results in Table 5 suggest that a shock in the Italian economic system (Panel A) triggers wider losses in the euro area banking sector compared with a shock in the Spanish financial system (Panel B). Hence, the Italian financial system is systematically more important than the Spanish banking system for the euro area. The results indicate that a shock emerging from a given banking sector does not have the same impact than a shock propagating from some other banking sector. Furthermore, the results demonstrate that each of the systemic risk channels has a different impact on every local banking system and that the interbank risk channel generates the wider losses in the euro area banking network.
-Please Insert Table 5 Panel A and B about hereInterestingly, a shock in a smaller banking system, like the Greek and the Portuguese (Table 6) , originate a small amount of losses in the euro area banking systems. This can be explained to a great extent by the small size of their banking sectors and hence the small degree of interconnectedness with other European banking sectors. Consequently, we observe that the cross-border transmission of systemic shocks depends on the size and the degree of exposure of the banking sector in a foreign financial system. This result is in line with Kamber and Theonissen (2013) who observe that the more exposed domestic banks are to the foreign economy, the greater are the spillovers from foreign financial shocks to the home economy. As a result, each local banking system develops different propagation dynamics in the banking network, due to the differences in the financial structure (i.e. different magnitude of bilateral exposures and different size of sovereign debt and asset backed loans). Finally, we observe that final losses are time-variant, since the same shock propagated at different points in time diverse results 6 . This can be explained by the changes in the network structure triggered by changes in the degree of interconnectedness in the euro area banking sectors.
-Please Insert Table 6 about here-
The path and speed of contagion within the European banking network
In this section we analyse how systemic shocks originated in a national banking system, spread in the euro area banking network resembling to financial contagion. In particular, by using 170 banks from 16 euro area countries, we measure the speed and the path of cross-country financial contagion within the Eurozone. The simulation test is for a 10% propagation of shocks 7 in the three independent contagion channels, a scenario which is reasonable under severe financial conditions. Consequently, this approach allows us to capture the effect of variations in financial robustness from one bank to the others, rather than focusing exclusively on default events and bankruptcies. Table 7 presents the results for a shock in the SCR channel and shows: i) the number of banks that default due to the shock and ii) the number of banks whose default cause at least one bank failure by contagion. The evidence indicates that financial contagion is highly possible to occur in the euro area banking system. Moreover, we observe that the spread of the shock depends on the size of the bank that fails at the initial stage. More precisely, shocks in the German and French banking systems cause the wider failures. This can be explained by the size of their national banking sectors and from the large number of small banks which creates a cascade of defaults due to their interconnectedness. Thus, interestingly we find that contagious banks are not necessarily the large ones. This result is in line with Mistrulli (2011). Notably, there exists a certain threshold (30%) for the loss rate at which the shock spreads across the whole euro area banking industry, thus affecting all banks through contagion.
-Please Insert Table 7 about here- Table 8 depicts the effects from a 10% shock that propagates through the Asset Loan channel. The results imply that the defaulted banks are lessen indicating that the SCR is the dominant systemic risk channel and the most systematically important for the spread of contagion in the euro area banking systems.
-Please Insert Table8 about here- Table 9 shows the effects from a 10% shock in the Interbank lending channel (IB).
The results demonstrate that the number of defaulted banks is higher when compared with the 7 Additional results with different scenarios are available upon request by the authors.
AL channel, but less than the number of banks that fail due to a shock in the SCR channel.
Thus, a closer look at the contagion path reveals that the SCR channel is the most systematically important source to spread contagion within the euro area financial network.
-Please Insert Table 9 about here-
The findings presented in this section, demonstrate vividly that the change in the financial stability of a bank is affected at any point in time by the financial stability of the counterparties. Additionally, the results imply that if some banks default, this can trigger a cascade of defaults resembling to financial contagion. Consequently, the default of a bank decreases the value of the assets of each bank in the financial network down to the point where the value of assets becomes smaller than the value of liabilities. Thus, the bank defaults and spreads the crisis to other interconnected banks. These results complement the work of Gai et al. (2011) who observe that when risk sharing is maximised among counterparties, the default threshold hold the critical role for the spread of the shock. Table 10 presents the results on how a default within the domestic banking system
propagates in an international financial network. The most systematically important country is Germany and thus, we focus on the effects caused by a 10% shock in their interbank market 8 . The results obtained are based on the assumption that banks cannot react to the shock by raising capital while also governments and central banks cannot intervene at any stage. Indeed, whilst liquidity abruptly dries up when the financial system is under a distress situation, (see also Longstaff, 2010) , central banks and governments need a sufficient amount of time to decide on the appropriate actions.
Notably, we observe that a shock generated in the German banking network may cause severe losses and defaults in the euro area banking system. Also, we find that a bank in a foreign country may not be financially linked with German banks, but it is possible to suffer from losses or even defaults to its banking sector due to financial contagion. This result is driven by the systemic importance of the German banking sector which lends to the periphery, and thus makes contagion effects more apparent. Moreover, the degree of losses varies substantially across national banking systems depending on the size and the degree of their interconnectedness. Thus, the speed at which losses are absorbed by the banking networks varies across countries. Consequently, we document that the spread of a shock depends on the systemic importance of a banking system, and the impact of a shock of a given magnitude strongly depends on its initial location. Thus, the probability of default does not decrease monotonically with diversification in the interbank loan market, a result which corroborates the work of Allen et al. (2011) . Interestingly, the propagation of a shock generated by other banking systems causes less contagious failures in the financial network, resembling to a non-monotonic connectivity of contagion, similar to Gai and Kapadia (2010) .
Albeit, we observe that even small banking systems (e.g. Greece and Portugal 9 ) have the ability to transmit distress in stronger banking sectors. As a result, the smaller is the banking sector, the lesser are the expected losses and the cross-country contagion effects. These results are in line with the works of Allen and Gale (2000), and Freixas et al. (2000) who find that complete markets are not necessarily less conductive to contagion than incomplete markets.
In addition, from Table 10 we observe that there are marked differences in the dynamic responses across the national banking systems. Specifically, southern euro area banks react more strongly than northern euro area banks. This implies that southern euro area banks are more prone to financial contagion and more susceptible to systemic risks.
Moreover, we find that as conditions deteriorate in the euro area banking system, the degree of interconnectedness in the financial network increases the possibility of a domino effect.
Shocks generated in the German banking system create large losses in the financial network, and thus the domino effect is more apparent. This result corroborates and extends the theoretical work on endogenous complexity and the model of financial crises proposed by Cavallero and Simsek (2013) . Finally, the propagation effects reveal that albeit the new regulatory framework and the deleveraging process, the risk of financial contagion has not substantially decreased.
-Please Insert Table 10 about here-
Robustness Check
The main finding of our study is that by employing the Maximum Entropy approach we capture three systemic risk channels which transform risk in the euro area financial network. In order to check the sensitivity of our findings we use the actual bilateral exposures with data constructed by the balance sheet items.
-Please Insert Figure 11 about hereMoreover, we use the actual values to propagate shocks in the euro area interbank, sovereign and loan markets, and we observe that the estimated losses within the banking networks are quite similar to the estimated losses of the financial network computed with the Maximum Entropy approach 11 . In contrast to Mistrulli (2011) and in line with the work of Castren and Rancan (2014), this result asserts that the Maximum Entropy method does not underestimate the extent of the shock propagation.
Conclusion
This study models systemic risk by employing the Maximum Entropy approach for the euro area banking industry. We construct a unique interconnected, dynamic and continuous-time financial network and employ counterfactual simulations to propagate systemic shocks. In contrast to the existing literature, we use three independent channels of systemic risk: the interbank loan market, the sovereign credit risk market and the asset loan market, and provide novel evidence on the effects of shocks on financial institutions, the speed of contagion, the way shocks propagate and how euro area banks respond under severe financial conditions.
In response to the issues raised in the introduction, the findings have important implications for understanding systemic risk and for analysing policies designed to mitigate financial contagion in the euro area. Specifically, at first glance the empirical results reveal that a shock in the interbank loan market triggers the highest expected losses in the banking systems. However, by modelling the contagion path the findings reveal that a shock in the sovereign credit risk channel transmits faster through the banking network and leads to a cascade of defaults. Thus, we conclude that the sovereign credit risk channel dominates systemic risks amplified in the euro area financial network. Additionally, we document that the propagated losses vary across the national banking sectors depending on their sizes and interconnectiveness, while also there is a dramatic variation across northern and southern euro area countries in terms of their response to systemic risk. In particular, the speed of contagion and the expected bank failures are markedly more prominent in southern euro area banking systems.
Moreover, by modelling the contagion path we observe that losses vary over time due to the post-crisis deleverage and to changes in the degree of interconnections among European banks. Interestingly, the findings reveal that the cross-border transmission of systemic shocks -and consequently the speed of contagion -depends on the size of the national banking sector, the initial location of the generated shock and the degree of interconnectedness. Finally, it is evident from the results that the European banking system remains highly vulnerable and conducive to financial contagion, implying that the new capital rules have not substantially reduced systemic risks, and hence, there is a need for additional policies in order to increase the resilience of the sector.
Appendix B. Modelling Financial Contagion
We model contagion stemming from unexpected shocks in our financial network, with banks' balance sheets 12 being the conduits for the transmission of the shocks as losses propagate through the banking system. The simulations are employed quarter-by-quarter between the first quarter of 2005 and the fourth quarter of 2013. Specifically, we consider sixteen Eurozone based countries, each with an economic system formed by N banks. We consider a credit cycle which lasts for four dates (t = 0, 1, 2, 3). At the initial date (i.e. t = 0), each bank i holds sufficient capital that it can either lend it to other banks via the interbank loan channel ( ) and/or invest in Government Bonds ( ) via the Sovereign Credit Risk channel, and/or invest in asset-backed loans ( ) via the Asset Loan Risk channel. All projects described above, provide a sufficient profit if held to maturity, i.e. at t = 3. However, the bank has the choice to liquidate its project (fully or partially) at t = 2, but will only recover a fraction of the project's full value.
We propagate shocks triggered by each channel independently at time t = 1. Then, we measure the losses realised for banks emanated from the shocks in each channel. Every bank has to meet interbank liabilities ( ) and thus, losses incurred by a shock in a channel (e.g. the asset loan risk channel ) can be recovered by liquidating other projects (e.g. the Sovereign Debt holdings ), at time t = 2. Consequently, systemic shocks in one channel may trigger fire sales, and hence losses in other channels. Thus, our approach allows us to distinguish between losses incurred by the propagation of a shock and losses incurred by contagion and the spread of systemic risk.
As a result, if there is a shock in the interbank loan channel, a bank i is solvent when:
where σ is the fraction of banks with obligations to bank i that have suffered losses from the shock, is the resale price of the Sovereign Bond, is the resale price of the asset-backed loan, and CR is the bank's tier-1 capital. Moreover, the values of and are always less than one in the event of asset sales, since there are fire sales with the propagation of the shock in order a bank to meet its liabilities.
As a result, when , a bank has to liquidate other projects in order to be solvent:
where is the bank's capital buffer which can be used in order to meet its liabilities.
All banks are allowed to fail one at a time, if the amount of the losses is greater than lenders' reported tier-1 capital (i.e. capital + reserves). Finally, we calculate the losses triggered in other banking systems from the initial shock. Notably, in this study we are interested in examining the effects of systemic risks in the euro area banking network and the resilience of the banking system. Thus, our financial network does not allow for a role of the central bank or for any government interventions in providing liquidity or rescue packages to the distressed banks which require exogenous responses and might follow different rules.
Thus, a bank is insolvent in our financial network when:
Contagion occurs in the network system when either a bank is insolvent (equation (3)) or when fire sales -triggered by the propagation of a shock -are spread to other banks.
Therefore, the likelihood of contagion corresponds and is directly linked to the size of the bank, the size of losses, the degree of interconnectedness and the size of the capital buffer.
The same relationship holds when the shock is propagated through the Asset Loan
Channel. However, a shock propagated within the Sovereign Debt channel implies that the interbank loan and the asset backed securities markets are illiquid, because sovereign debt represents economic performance and credit conditions for a country and thus a priori liquidity will freeze in the interbank market while synchronically the price of collaterals will be severely harmed. Hence, amid to the direct interlinkages and obligations, the possibility of indirect financial contagion increases significantly when the shocks are triggered by the sovereign debt risk channel, such that equation (3) becomes:
for (4)
Appendix C. Network Measures
In order to take into account the information provided by the Maximum Entropy method, we identify the appropriate quantities characterising the structure and organisation of our network at the statistical level. The appendix provides a general characterisation of the heterogenous statistical properties presents the number of sector-level nodes, the estimated degree, closeness, centrality, and the clustering coefficient. Degree is the sum of the direct links that each node has with other nodes. With closeness we capture the influence for each node. With centrality and betweenness we clarify the absolute position of the node in the banking network. The clustering coefficient (CC) shows for a given node, the number of actual links to other nodes. Table 3 Impact of a 10% shock in the Asset-Backed Loan Channel. The table depicts the losses of a shock in the national banking sectors for the pre-crisis, the crisis and the post-crisis periods, quarter-by-quarter from 2005 till 2013. European countries are divided in two regions: Northern Europe and Southern Europe in order to reflect the effects based on the geographical region. All the amounts are in Euro Billions. 
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